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Abstract - A system is proposed which enhances transient non- 
stationarities and, in particular, epileptiform discharges in the 
EEG. It is based around the technique of multireference 
adaptive noise cancelling (MRANC) which attenuates the 
background EEG on a primary channel by using spatial and 
temporal information from adjacent channels in the 
multichannel EEG recording. This process has been 
implemented by means of a 3-layer perceptron artificial neural 
network trained by a backpropagation algorithm. 
System performance was measured as the percentage increase 
in signal-to-noise ratio (SNR) of predetermined epileptiform 
discharges in recorded EEG segments. The results obtained 
show that, due to the nonlinear nature of the artificial neural 
network, the improvement in SNR is significant when compared 
to the performance of MRANC utilising a linear model. 
MRANC is proposed as the first stage of a neural network 
based multi-stage system to detect epileptiform discharges in the 
interictal EEG for the diagnosis of epilepsy. 
I. INTRODUCTION 
HE electroencephalogram (EEG) can be considered as T consisting of an underlying background process, assumed 
to be stationary and ergodic, onto which are superimposed 
transient non-stationarities (TNSs) such as spike and sharp- 
waves (SSWs), electrode 'pop', eye-blinks, and muscle 
artifacts. The detection of SSWs in the EEG is of particular 
importance in the diagnosis of epilcpsy. Several approaches 
have been made towards automating the detection of SSWs 
with widely varying performances, e.g., [ 1-31. 
The method describcd here comprises the first stage of an 
ANN-based system designed to detect SSWs in the interictal 
EEG. It essentially processes the EEG by attenuating the 
background EEG, thus primarily leaving only TNSs which are 
then classified as SSW or non-SSW by a second stage which 
is not described here. 
The system makes use of multireference adaptive noise 
cancclling (MRANC), as described by Widrow et al. [4]. The 
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use of multilayer ANNs to implement the MRANC filters 
provides the opportunity to model the EEG spatial distribution 
as nonlinear, leading to improvcd pcrformancc over the linear 
case. 
XI. METHODS 
Sixteen channels of scalp EEG were recorded 
simultaneously both for referential and bipolar montages. The 
amplified EEG was bandpass filtered between 0.5 and 70 Hz, 
sampled at 200 Hz and digitizcd to 12 bits. All data were 
stored for later off-line processing. 
Single segments of bipolar EEG, each containing 10 SSWs 
(as identified by an electroencephalographer), were chosen 
from the epileptiform EEGs of six patients. So as to test the 
system on a range of different SSWs, the EEGs chosen 
included both focal SSWs and generalised SSWs. 
A. Dutu collection 
B. Performance index 
To measure the performance of the ,system, the signal-to- 
noise ratio (SNR) was defined as the ratio of the peak-to-peak 
value of the SSW to the root-meamsquare value of the 
background EEG for 30 samples (150 ms) on either side of the 
SSW, excluding the SSW itself. 
C. Multireference adaptive noise cancelling 
As we are interested in detecting TIVSs in the EEG, and 
bearing in mind that the interictal EEG can be considered as 
consisting of a separate background process N(t) onto which 
are superimposed TNSs S(t), we model the signal recorded at 
each scalp electrode as thc wcighted sum of N(t) and S(t). 
To perform MRANC, separate reference inputs are required 
which yield samples of the noise sources only. The filtered 
reference inputs are subtracted from the primary inpui 
carrying the signal and noise, leaving the original signal free 
of noise (Fig. 1). 
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Fig. 1. Multireference adaptive noise canceller 
Sometimes the reference inputs may contain some signal 
components which arc correlated to the signal at the primary 
input. This ‘cross-talk’ will cause some cancellation of the 
signal in the primary input. 
MRANC was implemented by a 3-layer ANN where each 
neuron in the hidden layer contains a log-sigmoidal nonlinear 
activation function and the single output neuron has a linear 
activation function. The backpropagation algorithm was used 
to train the ANN. For comparison, MRANC was also 
implemented using the linear least mean squared (LMS) 
algorithm. 
The channel containing the highest amplitude SSWs, 
generally being closest to the epileptogenic focus, was made 
the primary channel. The reference channels were then 
grouped as follows: group A comprised of the 3 channels 
closest to the primary channel, group B the 4 channels furthest 
from the primary channcl and group C all channels other than 
the primary channel. MRANC was then performed on each 
segment via each of the reference groups. The SNR of the 
SSW at the output of the MRANC filter was recorded and the 
percentage increase in SNR calculated. 
(+57.4%) (+264.2%) (+256.7%) 
Fig. 2. Results of MRANC on three SSWs. (a) The primary signal and (b) 
the nonlinear MRANC filter output (2 neurons in the hidden layer, closest 
channels as reference channels). The 70 incrcasc in SNR is indicated by the 
values in brackets. 
performance over the linear configuration. Overall, 
increasing the number of neurons in the hidden layer above 10 
resulted in no significant improvement in performance. 
Furthermore, performance increased slightly as more channels 
were included in the reference groups. Fig. 2 depicts an 
example of three SSWs in the EEG segment of patient #l. 
The average percentage increase in SNR over the six patients 
for 10 neurons in the hidden layer was 121 %, compared to an 
average of 76% for the linear case. 
IV. DISCUSSION 
We contend is that SSW classification can be made 
considerably more accurate in terms of both sensitivity and 
selectivity by the prior attenuation of the background EEG. 
Implementing MRANC by means of an ANN allows the 
process to be modelled as nonlinear which has been shown to 
yield considerably better results than its linear counterpart. 
The adaptive nature of the MRANC filter also allows for 
variations in the background EEGs of different patients to be 
optimally accommodated. By designating all channels other 
than the primary channel as reference channels (i.e., reference 
group C ) ,  the need for arbitrary selection of reference groups 
is removed. 
In conclusion, MRANC can considerably enhance the 
presence of both focal and generalised activity in the EEG and 
the use of nonlinear ANNs in the application of MRANC 
improves the effectiveness of the proccss. By cnhancement of 
TNSs, in particular SSWs, MRANC can become an important 
first stage in the detection of epileptiform activity in the 
interictal EEG. 
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111. RESULTS 
MRANC achieved an increase in the average SNR of SSWs 
in all patients for both linear and nonlinear configurations. 
However, in nearly all SSWs tested, the nonlinear MRANC 
configuration rcsulted in a significant improvement in 
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